I. INTRODUCTION
Following the rapid cost decline of PV systems [1] , [2] utility-scale PV deployment has been accelerating. But the market is still young and whether the utility-scale projects ultimately turn out to be profitable, particularly at low PPA prices under $50/MWh [1] , [2] , depends on how well they perform over time. Given that 75-85% of lifetime utility-scale PV costs are tied to project construction, the number of MWh over which those up-front costs can be amortized is a key determinant of utility-scale PV's levelized cost of energy.
This paper presents selected results from a multi-variable regression analysis of the drivers of utility-scale PV project performance, as measured empirically by the net capacity factor in 2014 based on AC capacity (NCF AC ). It is based on a sample of 128 utility-scale PV projects totaling 3.2 GW AC that achieved commercial operation from 2007-2013. The sample represents essentially the entire universe of utility-scale projects that were operating in the United States at the end of 2013 [2] . Previous work calculated empirical project-level NCFs AC from this sample and found that they varied by more than a factor of two, but did not statistically evaluate the drivers of this variability [2] . Other work analyzed some of the drivers of PV project capacity factors in the U.S., but through simulation rather than examination of empirical data [3] . This paper presents the first known use of multi-variate regression techniques to statistically explore empirical variability in utility-scale PV project performance across the U.S.
II. DEPENDENT AND INDEPENDENT VARIABLES
This section discusses the project level net capacity factors (our dependent variable) and several potential drivers of PV system performance.
A. Dependent Variable: Project-Level Capacity Factors
The dependent variable in our model is the performance of utility-scale PV projects as measured by the capacity factor:
We chose to focus exclusively on capacity factors in 2014 instead of cumulative capacity factors because a) the bulk of our project sample is very young (90% were built in 2011-2013), b) we lack site-specific data on inter-year variability in the solar resource, c) we do have high-quality site-specific insolation data (GHI) for 2014, and d) focusing on 2014 allows us to isolate the potential impact of project age.
B. Independent Variables: Potential NCF Drivers
The following possible drivers were selected for our multivariate regression analysis as independent variables: Solar resource strength: For PV projects, global horizontal irradiance (GHI, both direct and diffuse sunlight reaching the array), is the most appropriate measure of insolation. Vaisala provided us with average annual GHI estimates in 2014 for each site in our sample ranging from 3.73-6.02 kWh/m 2 /day. Tracking: Previous simulation work found that single-axis tracking can boost performance relative to a fixed-tilt array by 12-25% depending on location, while the corresponding increase for dual-axis tracking is 30-45% [3] . Roughly half of our projects use single-axis tracking while the remaining projects have fixed-tilt modules and fixed azimuth (i.e., there are no dual-axis tracking projects in our sample).
Inverter loading ratio (ILR): The ILR is simply the ratio of a project's DC capacity rating (determined by the number and capacity of PV modules) to its AC capacity rating (determined by the maximum AC power output of the inverters). With increasing ILRs inverters operate closer to full capacity for a greater percentage of the day, which boosts the capacity factor, at least in AC terms. The ILRs in our project sample range from 1.05 to 1.50.
Commercial Operation Date (COD): Indirect project vintage effects may be expected as manufacturing produces more efficient modules as the industry advances. In this case developers will however either use fewer modules or benefit from a lower $/W balance-of-system costs. Age is nevertheless important given that PV module performance tends to degrade over time, on the order of 0.2% to 1%/year [4] .
Due to lack of good data we were not able to include tilt and azimuth as independent variables. We assume though that tilt and azimuth will nearly always be optimized across projects to maximize revenue for these multi-million dollar investments. Similarly we could not include a project-specific module temperature coefficient as we do not have universally good information on module make and model. A site-specific analysis of the annual mean of monthly maximum temperatures over a 22 year period did not turn out to be significant in our regression analysis.
III. MODEL SPECIFICATION AND RESULTS
The four independent variables included in the regression model are solar resource strength (GHI), tracking vs. fixed-tilt (a dummy variable), ILR, and the commercial operation year. An examination of the two continuous independent variables suggested that the ILR variable should be transformed by taking its natural logarithm to reflect the diminishing marginal benefit of increasing the ILR at higher levels, due to the resulting increase in power clipping. To ease the interpretation of results and to guard against multicollinearity, we centered our independent variables by either subtracting their means (in the case of the two continuous variables) or by subtracting 2007 (in the case of the commercial operation year variable). Table 1 presents a buildup of the regression model, starting with just a single independent variable -2014 GHI -in Model 1, and then adding each additional independent variable to progress to our preferred model specification in Model 5. The Adjusted R 2 of Model 1 shows that 2014 GHI alone predicts 71.3% of the variance in 2014 net capacity factor. The constant value of 0.255 means that at the average 2014 GHI value of our sample (5.08 kWh/m 2 /day), the projected capacity factor is 25.5%. The coefficient of the 2014 GHI variable means that for each 1 kWh kWh/m 2 /day increase in GHI, the model would expect capacity factor to increase by 6.04% (in absolute rather than percentage terms, so from 25.5% at the mean to 31.54% for a GHI of 6.08 kWh/m 2 /day). Both the 2014 GHI variable and the constant term are statistically significant at p=0.01.
Model 2 adds the Tracking dummy variable, which increases the Adjusted R 2 to 80.8%. The constant term finds that at the average value for 2014 GHI, the projected capacity factor for a fixed-tilt project is 23.7%. A single-axis tracking project would be 3.37% higher (at 27.07%) at the average GHI value, and a 1 kWh/m 2 /day increase in 2014 GHI would increase capacity factor by 5.21%. Both independent variables and the constant term are statistically significant at p=0.01.
Interpretation of Models 3 and 4 becomes more involved due to the presence of multiple continuous variables (all significant at p=0.01), and will be bypassed in favor of discussing the similar, but more-complete, Model 5. Given the strong statistical significance of all variables and constant terms in Models 1-4, along with the relative stability in the coefficients, standard errors, and constant terms across models as each new independent variable is added, Model 5 introduces three additional "interactive" variables that seek to capture the nuances in how GHI, tracking, and ILR influence the capacity factor in relation to one another. Two of these three interactive variables are statistically significant (Tracking x 2014 GHI at p=0.01, 2014 GHI x ln(ILR) at p=0.05), while the third (Tracking x ln(ILR)) is not significant at p=0.1. However, three "partial F" tests of all three variables find high statistical significance in all three cases. The Adjusted R 2 of Model 5 increases only slightly with the addition of these three interactive variables, while the coefficient for COD year becomes only significant at the 5% level (1% in Model 4).
Our data and model specification number 5 fulfill the assumptions for the OLS regression: The Breusch-Pagan and White tests both show that there is no heteroscedasticity problem in the error term, and the Shapiro-Wilk test indicates normality in the residuals. The Variance Inflator Factor test proves no multicollinearity problems. The linktest indicates a good model specification.
Model 5 predicts that a fixed-tilt project built in 2007 with average 2014 GHI and ILR will have a 2014 NCF of 22.0%.
Tracking adds 4.05% to this same project's 2014 NCF. Each successive COD Year adds 0.23% to both fixed-tilt and tracking projects. Said another way, Model 5 predicts that older/earlier projects have lower 2014 capacity factors to the tune of 0.23%/year on average; one possible interpretation is that this coefficient is detecting module degradation rates.
As our interest focusses naturally more on newer rather than older projects, the rest of the Model 5 interpretation focuses on projects that achieved commercial operation in 2013. 2 /day change in 2014 GHI, the model predicts a 4.23% absolute change in NCF for a fixed-tilt project and a 6.08% absolute change in NCF for a tracking project. Thus the benefit of tracking increases at sites with a stronger solar resource, which is consistent with the greater prevalence of tracking projects in the sunny southwest in comparison to lower-GHI sites in the northeast of the United States. Conversely, Figure 2 shows the impact of ILR on a 2013 project with an average 2014 GHI. As shown by the slight deviation from the linear dashed lines (included only for visual comparison), ILR has a diminishing marginal effect on 2014 NCF as it increases. For example, for both fixed-tilt and tracking projects, the NCF increases by 1% when moving from an ILR of 1.05 to 1.10, but by only 0.73% when moving from an ILR of 1.45 to 1.50. This diminishing effect potentially reflects greater amounts of power clipping at higher ILRs. Figure 3 on the following page summarizes the model 5 specification visually in one graph, highlighting both the relative impact of each independent variable and their associated 95% confidence intervals. The base term on the very left describes the predicted 2014 net capacity factor of a project that achieved commercial operation in 2007 and that has module arrays with a fixed-tilt racking. Other project parameters reflect the overall sample average: the annual average global horizontal irradiance in 2014 of our typical project was 5.08 kWh/m 2 /day and the module arrays were oversized relative to the inverter capacity to yield an inverter loading ratio of 1.23. Our regression model predicts that this fixed-tilt base project would perform in 2014 with a NCF of 22.02%, with the 95 th percentile confidence interval ranging from 20.85% to 23.19%. If this project was relocated to an area in the United States where the solar resource is 1kWh/m 2 /day higher (similar to the maximum observed resource in our sample that is slightly above 6kWh/m 2 /day), we would expect a performance increase by 4.23% (confidence interval: 3.75-4.71%). The total NCF would then increase to 26.25%, keeping all other factors constant. If the same fixed-tilt base project would overbuild its module arrays relative to the inverter capacity such that the ILR increases by 0.1 from 1.23 to 1.33 (slightly less than the 90 th percentile of the observed ILR distribution in our sample) we would expect a performance increase by 1.69% (confidence interval: 1.17%-2.21%). As mentioned briefly before, model 5 also includes an interaction effect between the GHI and ILR variables that has a positive coefficient. The simultaneous increase of the available solar resource and the larger combined module capacity has thus an additional performance boosting effect that increases the NCF by 0.45% (confidence interval: 0.00% -0.90%) to a new total of 28.38%. At last, our model showed that more recently deployed projects outperform older projects with an earlier commercial operation date by about 0.25% per year, controlling for our other specified design choices. A project that came online in 2013 is thus expected to have a higher performance by 1.39% compared to the original 2007 base project (the confidence interval for the COD effect is a little wider than the other ranges with -0.16% -+2.95%). The center stacked-bar column in Figure 3 summarizes the aforementioned individual effects and showcases that a fixedtilt project in a very high GHI environment, with a more aggressive (but not yet most aggressive) ILR, and more recent design practices can increase its net capacity factor from the 22% base to nearly 30%. Further improvements can be achieved when the fixed-tilt racking of the module arrays is exchanged with single-axis horizontal trackers: At the lower solar regime of 5.08 kWh/m 2 /day trackers would add 4.05% to the net capacity factor (confidence interval: 3.49% -4.61%). As already elaborated in Figure 1 , the beneficial tracker effect increases even more at the higher GHI levels of 6.08 kWh/m 2 /day due to the positive coefficient of the statistically significant interaction term of irradiance and tracking, yielding further NCF additions of 1.86% (confidence interval: 0.88% -2.84%). The last observed factor in our multi-variate regression model takes into account that a practical trade-off exists between oversizing the module arrays relative to the inverter capacity and the usage of trackers: both boost generation in the morning and afternoon hours while potentially sacrificing generation during peak production hours, depending on the inverter capacity. As a result we often observe tracking projects to have a lower ILR in comparison to their fixed-tilt counterparts. The regression model reflects this design choice with an interaction term that has a slightly negative coefficient, and even though it is not statistically significant we chose to include it in our summary graphic. The combined effect of adding the horizontal-axis tracker at higher than average GHI and ILR levels is 5.90% in comparison to the previously modeled fixed-tilt project. Under these favorable conditions tracking projects can achieve a NCF of 35.68%, which is in line with the empirical records of top performing utility-scale projects in 2014 in the United States.
IV. VISUAL SUMMARY: ACHIEVING HIGH PERFORMANCE

V. CONCLUSION
The rapid ascendency of utility-scale solar in the U.S. over the last few years has resulted in a diverse fleet of operating projects that exhibit significant variation in empirical AC capacity factors (more than a factor of 2). The regression models developed for this analysis find that just three highly significant variables -GHI, Tracking, and ILR -can explain 92% of this variation, with GHI alone able to explain 71.6%. Adding COD Year and three interactive variables improves the model further and reveals interesting relationships between the independent variables, without over-specifying the model.
Of the two variables discussed earlier, but omitted due to a lack of data -i.e., the effect of module orientation (tilt and azimuth) and temperature (power temperature coefficient and module operating temperature) on performance -module operating temperature is likely the more significant gap.
Looking ahead, the analysis presented in this paper suggests that there is still room for utility-scale PV project capacity factors to progress further. For example, even within the confines of our sample and Model 5's specification, analysis of our data suggest that the NCF of tracking projects at the highest limits of the GHI and ILR ranges could potentially move a little higher (up to 38.4%) than the maximum empirical 2014 NCF in our sample of 34.9%. Moving beyond our sample and Model 5, progress towards higher net capacity factors could come from several different directions:
•ILRs could possibly move higher than the 1.50 maximum seen in our sample (up to 1.75).
•Dual-axis tracking would boost net capacity factor beyond the levels achieved by the single-axis trackers in our sample. Adding recently completed dual-axis tracking projects to the sample could refresh this analysis and improve the model.
•Although natural insolation cannot be directly influenced, it is possible to concentrate the light. SunPower's new C7 technology is just now starting to be deployed, and may yield better results than previous high-concentration products.
Finally, the empirical data and modeling results presented in this paper can provide a useful indication of the level of performance that solar project developers and investors can expect from various project configurations in different parts of the country. Moreover, although this paper has not attempted to compare ex-post to published ex-ante capacity factor projections, the tight relationship between fitted and actual capacity factors should nevertheless instill confidence among investors that the projects in this sample, at least, are largely performing as expected.
